Abstract: Anthropogenic development of floodplains and alteration to natural hydrological regimes have resulted in extensive loss of off-channel habitat. Interest has grown in restoring these habitats as an effective conservation strategy for numerous aquatic species. This study developed a process to reproducibly identify areas of former stream meanders to assist future off-channel restoration site selections. Three watersheds in Iowa and Minnesota where off-channel restorations are currently being conducted to aid the conservation of the Topeka Shiner (Notropis topeka) were selected as the study area. Floodplain depressions were identified with LiDAR-derived digital elevation models, and their morphologic and topographic characteristics were described. Classification tree models were developed to distinguish relic streams and oxbows from other landscape features. All models demonstrated a strong ability to distinguish between target and non-target features with area under the receiver operator curve (AUC) values ≥ 0.82 and correct classification rates ≥ 0.88. Solidity, concavity, and mean height above channel metrics were among the first splits in all trees. To compensate for the noise associated with the final model designation, features were ranked by their conditional probability. The results of this study will provide conservation managers with an improved process to identify candidate restoration sites.
Introduction
Restoring floodplain habitat complexity and lateral connectivity with the adjacent stream through the enhancement and creation of off-channel habitats has been recognized as increasingly important for the conservation of both native and endangered aquatic species [1] [2] [3] [4] [5] . Off-channel habitats provide refuge from high flow and predation as well as provide increased foraging opportunities. In addition, off-channel habitats have been shown to increase fish recruitment as well as overall aquatic biodiversity [6, 7] . Anthropogenic alterations to streams such as channelization, stream diversion, and impoundment have dramatically slowed the natural creation of off-channel habitats, limited lateral connectivity of the stream to its floodplain, and diminished instream water quality [8] [9] [10] . Due These sub-basin watersheds were selected as the focus of this study as they comprise the known extant populations within Iowa, and all three areas are of current off-channel restorations to support the conservation of the Topeka Shiner (Notropis topeka) [28] [29] [30] [31] . The Topeka Shiner is a small cyprinid federally listed as endangered by the U.S. Fish and Wildlife Service (USFWS). It was historically widespread across six Midwestern and Great Plains states of the United States. At the time of its federal listing as an endangered species in 1998, the Topeka Shiner was thought to only occupy 20% of its historical range, and many populations were in decline [29] . Following their listing, Topeka Shiners were found to frequently use off-channel habitats such as cattle ponds and oxbows [31] [32] [33] [34] [35] [36] [37] [38] . It is possible that Topeka Shiners use these habitats as nurseries, and their tolerance of warm water temperatures, low dissolved oxygen concentrations, and shallow depths afford the species a competitive advantage in off-channel habitats during prolonged periods of isolation from the stream channel [39] . Beginning in 2002, the USFWS began construction of oxbows to support the conservation of Topeka Shiners in Iowa. Post-restoration sampling yielded evidence of Topeka Shiner reproduction and overwintering survival [31, 32, 40, 41] . In response to perceived success of these oxbow restorations Iowa has continued restorations, and this conservation strategy has spread to Minnesota [42] .
The USFWS currently identifies candidate restoration sites through examination of historical and present-day aerial imagery to identify areas of historical stream meanders. Potential candidate sites are then digitized by hand using a Geographic Information System (GIS), making efforts to identify candidate sites across large landscapes time-consuming and highly subjective among personnel that in turn leads to error and lack of repeatability [43] . The development of our methodology that semi-automatically identifies specific target features will reduce the need for manual interpretation of other data sources such as aerial imagery. As the popularity of oxbow restorations as a technique for habitat management continues to grow, the methodology described in this manuscript meets the corresponding need of the development of a consistent, rapid methodology to identify potential off-channel restoration sites across large areas. This methodology also aims to reduce the need for time-intensive examination of historical and present-day aerial imagery by allowing users to implement our model parameters in their management units and it demonstrates a novel use of widely available products derived from high resolution, remotely sensed data [43] [44] [45] .
Materials and Methods

Study Area
Three 8-digit hydrologic unit code (HUC 8) watersheds were selected as case studies for this process: the North Raccoon River watershed (HUC 07100006), the Boone River watershed (HUC 07100005), and the Rock River watershed (HUC 10170204; Figure 1 ). Hydrological unit codes (HUC)s are hierarchical numeric identifiers assigned by the U.S. Geological Society (USGS) to watersheds in the United States of America. The number of digits comprising the HUC is representative of the size of the watershed with increasing digits representing smaller sub-watersheds. HUC 8 watersheds represent sub-basins. The multiple HUC 8 scales were selected for this study as they represent the areas at which managers are currently conducting oxbow restorations in Iowa and Minnesota. These watersheds were selected because they are the focus of ongoing oxbow restoration activities for Topeka Shiner conservation. The North Raccoon and Boone River watersheds are in west-central Iowa in the Des Moines Lobe ecoregion that is characterized by low-relief topography as a result of glacial retreat following the last ice age [45] . Both watersheds are heavily altered by intensive row crop agriculture and channelization of streams; many headwater streams in the Midwestern United States have been altered to extend into drainage ditches to support row crop agriculture [10] . The Rock River watershed is bisected by the Iowa/Minnesota state boundary, and it is located within the Loess Prairies ecoregion. Like the North Raccoon and Boone River watersheds, the Rock River watershed has low relief topography and is dominated by row crop agriculture [45] .
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Data Acquisition
The original DEMs for each watershed were obtained as bare earth LiDAR-derived DEMs with 2m horizontal resolution organized by local basins within the HUC 8 sub-basins (HUC 12) watershed geodatabases. These HUC 12 DEMs were merged into HUC 8 DEMs for preprocessing. DEMs all had a vertical positional accuracy of ~18.5cm, and they were obtained through Iowa State University. DEMs that represented area within the Iowa state boundary were hydrologically enforced prior to acquisition to ensure proper hydrological flow via an automated process developed at Iowa State University [28] . DEMs that represented area within Minnesota state boundaries had not previously undergone a hydroconditioning process. To enforce proper hydrological flow in all watersheds, we implemented a hydroconditioning process as described below in section 2.3. Field boundaries and use characteristics for all watersheds were downloaded from the agricultural conservation and planning framework (ACPF) Watershed Database Land Use Viewing and Data Downloading website [46] . The field boundaries dataset was digitized for many of the Midwestern states through examination of aerial imagery by ACPF users. In the field boundaries dataset, a general land use attribute (IsAG) was assigned to each field boundary shapefile. Broadly, a value of 1 designates fields 
The original DEMs for each watershed were obtained as bare earth LiDAR-derived DEMs with 2 m horizontal resolution organized by local basins within the HUC 8 sub-basins (HUC 12) watershed geodatabases. These HUC 12 DEMs were merged into HUC 8 DEMs for preprocessing. DEMs all had a vertical positional accuracy of~18.5 cm, and they were obtained through Iowa State University. DEMs that represented area within the Iowa state boundary were hydrologically enforced prior to acquisition to ensure proper hydrological flow via an automated process developed at Iowa State University [28] . DEMs that represented area within Minnesota state boundaries had not previously undergone a hydroconditioning process. To enforce proper hydrological flow in all watersheds, we implemented a hydroconditioning process as described below in Section 2.3. Field boundaries and use characteristics for all watersheds were downloaded from the agricultural conservation and planning framework (ACPF) Watershed Database Land Use Viewing and Data Downloading website [46] . The field boundaries dataset was digitized for many of the Midwestern states through examination of aerial imagery by ACPF users. In the field boundaries dataset, a general land use attribute (IsAG) was assigned to each field boundary shapefile. Broadly, a value of 1 designates fields used for crop agriculture, a value of 2 designates a field used for pasture, and a value of 0 designates a non-agricultural field [47, 48] .
Preprocessing
The methodology described in this paper requires a DEM, corresponding stream network, field boundary dataset, and a relative elevation raster dataset. If these data are unavailable, some preprocessing is required and is described in detail in this section. All processing for this study Remote Sens. 2019, 11, 12 5 of 16 was completed using ArcGIS 10.4.1 by ESRI ©. Minnesota DEMs were hydroconditioned using the ACPF toolbox by manually correcting the DEM to force stream networks to flow underneath structures such as bridges or culverts instead of backing up behind them [49] . Though Iowa DEMs had undergone an automated hydroconditioning process, these DEMs were quality controlled using the ACPF toolbox to ensure proper flow. Stream networks were delineated again using the ACPF toolbox and using a 40.47 ha drainage threshold for all watersheds [47] . The 40.47 ha drainage threshold was selected as it generated a stream network that accurately captured the total extent of perennial streams and drainage ditches in all three watersheds as verified by aerial imagery examination. The ACPF toolbox preprocessing methodology begins by creating a filled DEM using the default Fill tool in ESRI ArcGIS without predetermined thresholds. The Fill tool eliminates depressions across the landscape by filling sinks. Next, the ACPF toolbox generates a D8 Flow Direction and D8 Flow Accumulation raster dataset that allows for the generation of a stream network. D8 Flow direction and D8 flow accumulation considers elevation difference and slope to assign hydrological movement to one of 8 directions: East, Northeast, North, Northwest, West, Southwest, South, and Southeast [50] . The ACPF hydroconditioning process involves the iterative creation of stream networks, identification of incorrect flow, and manual editing of the DEM to force proper flow. Once a hydrologically accurate flow network is created, stream segments are manually coded using the editor toolbar as either false flowpaths/intermittent streams (0), perennial streams (1), or drainage ditches (4) . Areas in which the flow path extended past the terminus of a perennial stream or drainage ditch were split and the excess line was coded as a 0. Final designations of perennial streams and drainage ditches were created with the ACPF tool "Stream Reach & Catchments" to generate a final stream network for each watershed. Finally, a relative elevation dataset, hereafter referred to as "height above channel," was calculated from the DEMs so each cell resulted in height (cm) above the nearest stream cell to which it would flow.
Riparian Depression Identification
Search radius for depressions was limited to a 500 m buffer around stream segments coded as perennial to comply with USFWS restoration practice. A distance of 500 m was chosen after visual examination of the study area determined it was an appropriate distance to consistently incorporate all oxbows and former meanders within the floodplains of all watersheds within both ecoregions. The original hydroconditioned DEM (oDEM), the Filled DEM (fDEM), and the height above channel (HAC) dataset were extracted to the 500 m buffer. Depressions were identified by subtracting the oDEM from the fDEM and then converting the contiguous areas not equal to 0 to shapefiles representing depressions across the landscape. Depressions with areas ≤ 100 m 2 were eliminated from the analysis because they were considered too small to represent target features. Depressions intersecting the stream network were also eliminated from consideration because oxbow habitats are typically isolated from the main stream channel during base flows. The USFWS does not perform restorations in active row crop agricultural fields as these areas could be impacted by additional nutrient run-off [40] . However, depressions within pasture fields were retained because restorations in pastures do not interfere with cattle grazing and Topeka Shiners appear to co-exist with cattle in these environments [37, 40] . Field boundary shapefiles were converted to raster datasets and reclassified to only include row crop agricultural fields. Using the "Tabulate Area" tool in ArcGIS area covered by a row crop agricultural field was calculated for each depression. If less than 100 m 2 of the feature was outside an agricultural field, the depression was excluded as a potential restoration site.
Model Creation and Evaluation
Each of the depression features identified within 500 m of the perennial streams in the three watersheds of study were assigned several morphometric and topographic characteristics that were all considered in the development of classification tree models to discriminate between target and non-target features. Topographic characteristics included: mean depth, maximum depth, mean slope, mean surface roughness, and mean relative height above channel. These variables were calculated for each depression using the "Zonal Statistics as Table" tool in ArcGIS. Surface roughness was also included as a topographic characteristic and was determined by using a 5 cell moving focal window to calculate the standard deviation of the depression's slope [51] . Circularity, solidity, convexity, concavity, rectangularity, area, and perimeter were calculated to describe the morphometric characteristics of each depression (Table 1) . Table 1 . Morphometric features calculated for each depression to characterize its shape. Circularity (CIR) compares the shape to a circle; values approaching 1 indicate a more circular depression. Solidity describes the extent to which a shape is concave or convex. Rectangularity compares how closely the depression resembles a rectangle. Concavity is the extent that a shape is concave. Convexity is the extent a shape is convex.
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Intersection with either a stream channel, oxbow, or oxbow scar within one aerial image 2.
Maintenance of the original shape of the historical channel, oxbow, or oxbow scar Though time intensive, this manual coding was necessary to capture a pool of data large enough to develop robust models as target features were rare in all watersheds comprising only~2-4% of all depressions initially identified ( Table 2) .
Data from watersheds were analyzed by individual watersheds, by ecoregion, and by watersheds combined to assess both the overall accuracy of separating oxbow features from other riparian depressions as well as to analyze how oxbow identification varied among study area. Thus, a training dataset and testing dataset were generated by randomly splitting the data without replacement so 80% Remote Sens. 2019, 11, 12 7 of 16 was apportioned to a training dataset to train a classification tree model. The remaining 20% of the data was used to test the performance of the generated model.
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Results
Model Accuracies
Classification trees were created for all watersheds individually, watersheds by ecoregion, and all watersheds combined (Figure 3) . The morphometric characteristic solidity represented the first split in all models except the Rock River watershed model. Generally, features with low solidity values were classified as target features. Mean relative HAC was one of the second tier splits in all models except the Boone River watershed and suggested that features with a lower mean relative HAC were classified as target features. Mean depth of each feature was present in the North Raccoon River, Des Moines Lobe ecoregion, and the all-combined watershed models. Perimeter was only used to classify features in the all-watershed combined models. Depression feature area was included in the Des Moines Lobe ecoregion watershed models, but absent in the others. Mean roughness of the depression's surface was included in the Des Moines Lobe ecoregion and all-watershed combined model. Circularity was included in the Rock River, Des Moines Lobe ecoregion, and the all-watershed combined models. Convexity and mean slope were included all models.
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Results
Model Accuracies
Confusion matrices were created for all models to calculate specificity, sensitivity, precision, and correct classification rate for all model combinations (Table 3 ). All models had specificity values greater than 0.89 indicating that the models were successful in correctly classifying non-target features. Sensitivity rates ranged from 0.75 in the Boone River watershed to 0.89 in the Rock River watershed indicating that though the models were less successful at correctly classifying true target features than correctly classifying non-target features, the models still performed well. Precision, or the expression of how often a feature that was classified by the model as a target feature was a true target feature, varied widely across watersheds with the lowest precision in the Boone River watershed and the greatest precision in the Rock River watershed. Correct classification rates (CCR) of all models ranged between 0.88-0.94.
AUC scores range from 0 to 1 with higher scores representing more accurate models and models with an AUC score of 0.5 indicate the model performs no better than random choice. Overall, the Rock River watershed had the highest AUC score of 0.91 followed by the North Raccoon River, allwatershed combined models, and Des Moines Lobe ecoregion with AUC scores of 0.87, 0.87, and 0.86 respectively ( Table 3 ). The Boone River watershed model had the lowest AUC value of 0.82. All models performed well, receiving AUC scores considered good or excellent. Confusion matrices were created for all models to calculate specificity, sensitivity, precision, and correct classification rate for all model combinations (Table 3 ). All models had specificity values greater than 0.89 indicating that the models were successful in correctly classifying non-target features. Sensitivity rates ranged from 0.75 in the Boone River watershed to 0.89 in the Rock River watershed indicating that though the models were less successful at correctly classifying true target features than correctly classifying non-target features, the models still performed well. Precision, or the expression of how often a feature that was classified by the model as a target feature was a true target feature, varied widely across watersheds with the lowest precision in the Boone River watershed and the greatest precision in the Rock River watershed. Correct classification rates (CCR) of all models ranged between 0.88-0.94. AUC scores range from 0 to 1 with higher scores representing more accurate models and models with an AUC score of 0.5 indicate the model performs no better than random choice. Overall, the Rock River watershed had the highest AUC score of 0.91 followed by the North Raccoon River, all-watershed combined models, and Des Moines Lobe ecoregion with AUC scores of 0.87, 0.87, and 0.86 respectively ( Table 3 ). The Boone River watershed model had the lowest AUC value of 0.82. All models performed well, receiving AUC scores considered good or excellent.
Model Accuracy at Identifying Chosen Restoration Sites
Because the all-watershed combined model performed well in most evaluation characteristics, its results were chosen to compare to the locations of restored sites for Topeka Shiner conservation. Locations of 127 restoration sites constructed between 2002 and 2017 were compared to the model. Restored sites that were within a 50 m radius of an identified depression were considered part of the same feature as the modeled sites. Sixty-four (50%) restored oxbows habitats in all watersheds were identified as candidate sites by using the all-watershed combined model. The model was most successful at selecting sites that had been chosen for restoration in the Boone River watershed by identifying ten out of seventeen sites (59%). The overall model identified nineteen out of forty-four (43%) restored sites in the Rock River watershed and thirty-five out of sixty-six restored sites (53%) in the North Raccoon River watershed. Non-selection of restored sites by the model was primarily related to either the omission of a detected depression, or the direct connection of a depression to the stream channel which caused it to be excluded from the initial depression pool.
Ranking Sites
The all combined watershed model classified eight terminal nodes on the classification trees as target features (Figure 4 ). All features associated with the target feature nodes were selected as potential oxbow restoration sites. Of the 65,174 originally identified riparian depressions, the all-watershed model identified 7650 (11.74%) of those depressions as target features across all three watersheds of study. Though the possible sites were reduced drastically, we further chose to rank identified features to identify top candidate sites by how likely they were to be our classified target features. Conditional probabilities of each node were calculated by the probability of the node's fitted class. Target feature nodes' conditional probability ranged from 0.7093 to 0.9124. Because eight nodes were identified, features were ranked from 0 to 7 with the lowest rank corresponding to the lowest conditional probability (Figure 4) . The highest rank of features (Rank 7) accounted for 3521 (46.03%) of the identified target features and thus was able to further reduce the top candidate sites for managers to consider for restoration. Sites with lower ranks may be low-lying landscape features that have irregular shapes such as constructed ponds or wetlands while higher ranked features were more likely to be historical stream meanders (Figure 4 ). Though this ranking methodology did help further identify the best target sites, it did highlight an area of noise of irregular shapes created by proximity to roads, leading to curved shapes that may be inaccurately identified as a relic stream channel or oxbow (Figure 4) . Depressions that were ranked as oxbows but had the lowest conditional probability were given lower scores than depressions that had greater conditional probabilities. A score of 0 represents depressions less likely to be a target feature and a score of 7 is most likely to be a target feature.
Discussion
The growing availability of high-resolution LiDAR-derived digital elevation models has allowed for the development of methodologies to classify target features across wide swathes of the earth's surface. Oxbows and other off-channel habitats are important floodplain features that provide habitat for fish species at a variety of life stages [6, 56, 57] . Following European settlement, the Midwestern Depressions that were ranked as oxbows but had the lowest conditional probability were given lower scores than depressions that had greater conditional probabilities. A score of 0 represents depressions less likely to be a target feature and a score of 7 is most likely to be a target feature.
The growing availability of high-resolution LiDAR-derived digital elevation models has allowed for the development of methodologies to classify target features across wide swathes of the earth's surface. Oxbows and other off-channel habitats are important floodplain features that provide habitat for fish species at a variety of life stages [6, 56, 57] . Following European settlement, the Midwestern United States lost much of its historical hydrological complexity to the creation of drainage ditches and tile installation to support expansive row crop agriculture [58] [59] [60] . Restoration of off-channel habitats for the conservation of the endangered Topeka Shiner began in 2002 and continues to be a conservation strategy of USFWS to increase suitable habitat. This methodology follows the similar efforts of other studies to develop parameters that will identify potential target landscape features and help guide restoration site selection by providing an objective, repeatable practice [28, [61] [62] [63] . Our study demonstrated our ability to extract the unique features of relic stream channels, oxbow scars, and oxbows from other riparian depressions across the landscape from LiDAR-derived digital elevation models.
Overall model accuracy in correctly labeling features as either target or non-target was above 88% in all models. Previous literature demonstrates the utility of shape characteristics such as ellipticity, circularity, form factor, area, volume, and solidity [64] [65] [66] [67] [68] . Because former stream meanders and oxbows have unique shape characteristics, we aimed to identify parameters that would characterize this pattern. Both solidity and relative height above channel variables were important in identifying oxbows and relic channels. Solidity is an intuitive defining characteristic, as oxbows have a classic horseshoe shape and relic streams are often naturally meandering with alternating concave and convex segments. Mean relative height above channel was also expected to be important in discriminating target features from non-target features because former meanders were once part of the stream network and their relative elevation to the channel is similar until sediment deposition eventually fills them with silt [69] . Older features, such as older oxbow scars, will have a greater relative elevation than a newly formed oxbow that was recently isolated from the stream. Occasionally, we observed that classic oxbow shapes were formed when drainage ditches artificially bisected a natural, meandering stream. Improved classification rates may be achieved by expanding response variables from a binary target/non-target classification to additional classes to discriminate relic streams, oxbows, and oxbow scars separately. The model did not separate target features into their individual classifications because the highly modified nature of the landscape proved difficult to visually separate these features for validation.
Though our models correctly classified target features, we observed that when applied to large areas the process produced numerous features that were false positive detections. This observation in part was due to the enormous quantity of depressions identified in the riparian zone as the pool of initial candidate sites. Though only a small percentage of misclassification of non-target features (~7%) were observed in the all-watershed combined model, this small percentage of 63,257 non-target features yielded many physical features that were falsely identified on the landscape as potential restoration sites. To compensate for this we believe the addition of the ranking system aids in the practical application of this process as it allows managers to sift through some of the misclassified features. Additionally, though we did not specifically address human classification accuracy for oxbows, so the prevalence of misclassification in the model could also be due to human error while classifying target versus non-target features. This human error could stem from the difficulty of identifying historical stream meanders in highly modified environments as well as the fact that our aerial imagery data was only available after the 1930s despite modification of the Midwestern landscape beginning many decades earlier.
Through visual comparison of the features identified with this model to those sites previously selected as restoration locations, we observed that several restoration sites were missed by our model because they intersected with the stream and were thus eliminated from consideration. A recent methodology that shows promise to mitigate this issue is the delineation of nested depressions, or the extraction of depressions that are within larger depressed areas such as highly connected stream channel [70] . Additionally, the timing and collection of aerial LiDAR could impact the conditions sensed on the earth's surface, so while the availability of LiDAR data has facilitated much interest in conservation planning, its use should be accompanied by knowledge that conditions can change post-sampling to alter the reality on the surface. The use of this methodology could be integrated into our process for future updates of the tool, and more research is needed to assess its contribution to increasing the accuracy of the model. Though the Normalized Difference Water Index (NDWI) [71] has been used to identify wetland features [28] , we elected to limit the scope of this analysis to LiDAR-derived digital elevation models as we aimed to deliver a methodology that are user friendly to managers with limited data processing capacity and/or knowledge of GIS workflows.
Our study demonstrates the utility and feasibility of accurately extracting former stream meander and oxbow lake features from the riparian landscape. Although we observed some misclassification, many of those features were low-lying sinuous areas that included areas of stream swale or other natural riparian depressions. Though not relic meanders or oxbow scars, the misclassified features may present additional opportunities for restoration. This process identifies potential restoration sites and provides information to managers to select appropriate restoration locations, but final site selection should be accompanied by local knowledge, proximity to known Topeka Shiner populations, potential risks to infrastructure such as flooding and erosion, and landowner permission. There is a natural risk to fish that inhabit ephemeral off-channel habitats as extended periods of dry weather can lead to complete desiccation and total fish mortality [11] . Therefore, features with lower elevations relative to the stream channel may be priority sites for restoration as they are more likely to be closely connected to the groundwater via the hyporheic zone. Groundwater percolation into the restored off-channel habitat may be critical for fish survival during extended periods of little or no precipitation. The features identified with our process maintain their relative height above channel data, and this data may be useful for further site selection depending on restoration planners' goals.
This method provides the initial steps to identify these unique riparian features. This methodology demonstrates that the parameters provided allow for accurate implementation across multiple ecoregions within the Midwestern United States. While our parameters captured the unique and defining sinusoidal pattern of former stream meanders and oxbow lakes, further research is needed to confirm that these parameters can be transferred to other regions. Though this analysis for riparian feature classification was intended to support aquatic species conservation, it may have applications for other conservation efforts. Oxbows restorations have been constructed outside of the Topeka Shiner range in Iowa to help support nutrient reduction efforts. Oxbows significantly reduce nitrate concentrations inputs to the stream from crop fields [72] . This process for identifying candidate sites for oxbow restoration has the potential to not only promote conservation for species such as the Topeka Shiner, but may also support efforts to identify suitable locations to construct oxbow lakes intended to improve regional water quality.
Conclusions
A methodology using high-resolution LiDAR-derived digital elevation models was created to identify former stream meanders, oxbows, and oxbow scars. Riparian depression's solidity, concavity, and mean height above channel were found to be particularity important characteristics in identifying these riparian features, and models performed with AUC scores ≥ 0.82. This methodology was intended to replace time-intensive examination of multi-year aerial imagery and digitization of these features on the landscape. To facilitate widespread use and expand the utility of increasingly available high-resolution LiDAR-derived digital elevation models this methodology was converted into an ArcGIS toolbox. Pre-processing is minimal for this methodology to be implemented, and the preprocessing steps outside of the provided toolbox implementation are described in detail so as to guide future users. Although success in modeling these riparian features by capturing the unique sinusoidal shape and relative elevation to the stream channel was demonstrated across different ecoregions of the Midwestern United States of America, further testing of this process in other regions is an opportunity for further research. This process was developed to support endangered species conservation planning, specifically for Topeka Shiner conservation in Midwestern floodplains, but there are many other species that benefit from floodplain restoration and it may have the potential for application for other species in other regions. Supporting files to this manuscript include a user's guide and the oxbow identification ArcGIS add-in toolbox are available online in the Supplementary Materials.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/1/12/s1, File S1: User Guide.pdf, File S2: Toolbox.zip, File S3: All_Final_Ranked_Features.zip.
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